Unlike the conventional "lock-and-key" sensor 
INTRODUCTION
A cross-reactive sensor array employs multiple, diverse sensors to identify the individual analytes present in a chemical gas mixture [1] . A sensor array is comprised of sensors of different types: each sensor type is designed to measure a particular property of an analyte, like polarity; consequently, a particular sensor will respond to more than one analyte (but not necessarily to all analytes). Noise is inherent in the sensor measurement: sensor drift is one of the more critical noise factors in an array. A common approach to noise mitigation is the use of multiple copies of each sensor type.
When an unknown mixture of analytes-or even just a single unknown analyte-is introduced to the sensor array, signal processing and pattern recognition algorithms extract information from the array's response in order to identify the constituent analytes present. This identification process becomes increasingly difficult as the number of analytes in the mixture increases. Separation and classification of binary mixtures has been discussed in [2] - [5] and ternary mixtures in [6] : the percentage of correct classification drops about 5% from the binary to the ternary case.
Independent Components Analysis (ICA) is a method of blind source separation. It is used to extract individual sources from a mixed signal when no information about the sources or the mixing process is available. ICA is typically used to separate linear mixtures of audio signals or images, but can be applied to any source separation problem provided the sources are statistically independent. However, ICA has not been employed to separate a gas mixture into its constituent analytes. Earlier work on the preprocessing and classification of sensor array data has shown that the undesired artifact due to sensor drift can be separated and removed from the sensor response using ICA [7] . However, this prior work did not use ICA for individual analyte detection and classification from a gas mixture; indeed, mixtures were not used-instead only one analyte was presented to the array at a time.
Using ICA to extract individual analytes from a mixture poses significant challenges that have remained unaddressed until now. We describe these challenges in Section 2.4 below. Then in Section 3, we present a novel method (called Fingerprint-based ICA) that allows ICA to be utilized for the gas mixture separation problem-thereby realizing new advantages that result in superior separation performance. Section 4 illustrates how our new method: separates a gas mixture into its constituent analytes; removes sensor drift; and, compares to the commonly used Principal Components Analysis (PCA) method.
BACKGROUND

Independent Components Analysis (ICA)
Consider a set of observed mixture signals x 1 ,x 2 …x N ,; each is a linear combination of unknown source signals s 1 ,s 2 …s R . Their relationship is given by: for 1 i N and a 11 …a NR are the scalar mixing coefficients. Equation (1) is represented in matrix form as:
where A is defined as the mixing matrix. ICA estimates the source signals S and the mixing matrix A from the observed mixture signals X. It performs this extraction based on the assumption that source signals possess the following properties, but mixture signals do not: independence, nonGaussianity, and lower complexity. ICA assumes that the sources, S, are independent and non-Gaussian. Let W be the inverse of the estimated mixing matrix, then the estimated source signals, U, are obtained by: Since A and S are both unknown, ICA can only estimate U to within an unknown scaling factor; consequently, there is an ambiguity in both the amplitude and sign of U. It is also important to note that if there are N observed signals and R source signals to estimate, then it is required that N R.
Consider a room with three speakers (R=3); these three speech signals are independent, non-Gaussian sources, S, and are depicted in Figure 1 along Figure  2 . Figure 3 
Sensor Array Data
When an analyte or a mixture of analytes is presented to a sensor array, each sensor on the array responds with a change in its measureable parameter (e.g. resistance, voltage, conductivity, etc.). In a controlled environment, an ideal sensor response to a single analyte is as shown in Figure 4 ; it is described by three distinct phases: growth, steady state, and recovery. Based on the particular sensor type and analyte present, variations arise in this ideal response. Three typical variations arise in the: duration of the growth phase, steady state value reached, and duration of the recovery phase. Multiple copies of the same sensor type exhibit similar responses, but minor variations will persist due to noise. A sensor array consists of N t different sensor types and N r copies of each type.
In this paper, we generate synthetic sensor array data 
Preprocessing Sensor Array Data
The response of every sensor in the array, , is comprised of hundreds of sample points. Using this entire response would result in a slow and inefficient classification system. Instead, a single feature (or subset of features) can be derived from each response and used in a classification system that provides good performance. Compression, or feature extraction, of each sensor's response can be achieved by one or more methods [9] . Upon evaluating several preprocessing techniques, we observed that for our sensor array response data, the best classification was obtained when a single point from the steady state of was used as a feature. We denote this compressed sensor array response data by .
Challenges: ICA Applied to Sensor Arrays
Using ICA to extract individual analytes from a sensor array response to a gas mixture is desirable-after all, the unknown analytes are independent of one another in the observable mixture. However, two challenges preclude our ability to exploit the advantages of ICA for the sensor array separation problem.
First, there is no one source signal s that corresponds to a single analyte (unlike the speech example where s 1 corresponds to the speech of speaker 1). This problem stems from a basic feature of cross-reactive sensor arrays where one sensor responds to many analytes (in contrast with the conventional "lock-and-key" approach in which one sensor is finely tuned to respond to only one analyte). Indeed, this inherent dependence across the array's sensors violates the independence required by ICA to extract individual source analytes from the observed sensor array mixture data. And so an important question arises: can we define a set of independent source signals where each one corresponds to the sensor array response for one analyte of interest? We address this question in Section 3.1.
Second, as mentioned in the speech example, ICA requires that the number of observed mixed signals be equal to (or greater than) the number of source signals. For our sensor array problem-assuming we can successfully address the first challenge of identifying independent source signals for the individual analytes-one observed mixed signal is measured when the sensor array is exposed and responds to one gas mixture. This means that several gas mixtures will need to be introduced to the array in order to identify multiple analytes. This is a departure from the conventional approach in which a sensor array's response to one gas mixture is used to resolve the constituent analytes. Again, an important question arises: how practical is our approach that requires multiple gas mixtures (i.e. do the benefits of ICA outweigh this additional data requirement)? We address this question in Section 3.4 and Section 4.
FINGERPRINT-BASED ICA
In this section, we introduce a new method for analyte separation in a gas mixture: fingerprint-based ICA (FICA). FICA resolves the challenges identified in Section 2.4 of employing ICA in the sensor array problem.
Fingerprints
As mentioned above, the first challenge is to define a set of independent source signals where each one corresponds to the sensor array response for one analyte of interest. We begin by assuming that in the cross-reactive sensor array each analyte's response across the different sensor types in the array uniquely defines it. This unique response is referred to as the fingerprint of that analyte. Furthermore, these fingerprints persist after the compression (i.e. feature extraction) process described in Section 2.3; the result is an N t dimensional fingerprint vector. A key insight is that since the analytes are independent, their fingerprints are too. Another important assumption is that the sensor array's response to a mixture of analytes corresponds to a linear mixture of the individual analyte fingerprints. In summary: a) each analyte corresponds to a unique N t dimensional fingerprint; b) fingerprints are independent; c) the fingerprints are the source signals that correspond to the analytes; and, d) observed array response signals correspond to linear mixtures of source fingerprint signals. For example, Figure 5 illustrates the three fingerprints that correspond to three analytes for a sensor array with four sensor types.
Fingerprint-based Data Transform (FDT)
Fingerprints, defined in the previous section, are the independent source signals that correspond to the individual analytes. Therefore, the observed mixed signal obtained from the sensor array response, Xc, must be rearranged to reflect the fingerprint structure. Fingerprint-based Data Transform (FDT) addresses this by restructuring the array response. The input to FDT is Xc and the output of FDT, x a , is an arrangement of the input that reflects the fingerprint The key idea underlying FDT is to present an entire array response (an N t -dimensional signal) as a onedimensional signal. Let the transformed data matrix for one mixture (called mixture a) be x a . Each row in x a is given by: for 1 i N r (recall N r is the number of copies of each sensor type) and || is the concatenation operator. As an example, consider a sensor array with two sensors types (N t = 2), one copy of each (N r =1) and a mixture of two analytes is presented to the sensor array. Assume Xc 1 1 (the compressed response of sensor type one to the mixture) is a sequence of 10 zeros and Xc 2 1 is a sequence of 10 ones (i.e. the first sensor type does not respond to the analytes in the mixture, but the second sensor type does). Then after FDT, the sensor response would be configured as: 
Fingerprint-based ICA (FICA)
FICA is our new method that extracts and identifies individual analytes from a sensor array's response to a gas mixture of the analytes. It employs FDT to rearrange the compressed sensor array response and ICA to extract the independent source fingerprints. The FICA method is as follows:
Step 1: A sensor array, consisting of N t sensor types and N r redundant copies, responds to a gas mixture comprised of R (or fewer) analytes. This sensor array response, Xr, is compressed to obtain Xc which is a set of N t N r individual sensor responses where each response has K sample points.
Step 2: FDT is applied to Xc and the result, x k , reflects the fingerprint structure.
Step 3: Steps 1 and 2 are repeated for N different mixtures resulting in X={x 1 ,x 2 ,…,x N }. Since we assume up to R different analytes as well as sensor drift (another independent component), then N must be R+1.
Step 4: PCA is applied to X for dimensionality reduction.
Step 5: The first R+1 principal components are input to the FastICA algorithm to extract U: the estimate of all the independent components (R analyte fingerprints and drift).
Step 6: Finally, U (minus the drift) is input to a KNN (K Nearest Neighbor) classifier, with K = 10, and a 10 fold validation technique to identify the analytes present in the gas mixture.
Comparison with Conventional Approach
FICA requires the array response to several mixtures in order to first extract and then identify the individual analytes. However, conventional approaches use the array response to a single gas mixture in order to identify the mixture composition. This is commonly achieved by first decorrelating the array response with PCA and then using a neural network or cluster analysis (or both) to identify the analytes in the mixture. For binary mixtures [2] - [5] , the percentage of correct classification is about 98%; for ternary mixtures [6] , the performance is close to 93%. Performance decreases as the number of analytes in the mixture increases. In order to realize the advantages of ICA for the sensor array problem, FICA takes a fundamentally different approach that more accurately reflects what is physically occurring: a gas mixture comprised of several individual analytes that are independent of one another. It is the extraction/estimation of the analytes that sets FICA apart from conventional methods and allows the application of ICA. Section 4.2 shows how this fundamental difference results in better performance with a simpler classifier.
Nevertheless, FICA requires additional array response data (several gas mixtures are needed instead of one) and this issue must be considered further. The additional data could be obtained all at once (in parallel) if multiple sensor arrays are used to measure the response to one gas mixture of analytes. Alternatively, the additional data could be obtained sequentially if one sensor array is used to measure the response to multiple gas mixture of analytes (we illustrate this approach). The first approach offers faster performance at a higher cost while the second approach takes longer at a reduced cost. The practicality of the second approach is investigated in Section 4.3. FICA's performance is compared to a more traditional method in Section 4.2 and the issue of additional data is explored further.
RESULTS AND DISCUSSION
Experimental Setup
We assume a sensor array with 4 sensor types and 10 copies of each type for a total of 40 sensors. R=3 analytes are used to simulate sensor array responses using equation (4) . The ideal fingerprints, S, shown in Figure 5 , depict the steady state value of each analyte for each sensor type and hence provides the j p values. Concentration, c p , of an individual analyte, is chosen randomly. The compressed signal, Xc j i , is obtained by taking a single point from the steady state phase; every Xc j i has K=15 sample points in its response. The sensor array response to N R+1=4 analyte mixtures is required; we choose N=4. Figure 6 shows the compressed, rearranged, sensor array response to the N gas mixtures.
Performance of FICA
The principal components resulting from PCA are shown in Figure 7 ; they do not approximate the ideal fingerprints, nor do they represent drift. ICA is subsequently applied to these four PCs to extract estimates of the individual analyte fingerprints and the sensor drift. The first three independent components (ICs) in Figure 8 closely resemble the ideal fingerprints in Figure 5 (the estimates of analytes 1 and 2 are the "negative" complements of the ideal fingerprints due to the sign ambiguity of ICA). The fourth IC in Figure 8 does not correspond to an analyte, but to the independent component that is sensor drift. Therefore, ICA has successfully extracted estimates of the individual analyte fingerprints from the set of gas mixtures.
As described in Step 6 of the FICA method, these estimated fingerprints are then input to a KNN classifier in order to classify the data and identify which analytes are present. In Table 1 , an examination of three different scenarios (four mixtures in each scenario) reveals that FICA achieves 97-100% correct analyte separation and classification. This performance is compared to an alternative approach in which the output of the PCA is input to the KNN classifier. In this case, performance drops to only 78-90% correct classification. It is important to note that this PCA+KNN approach is not the conventional approach where decorrelated mixtures are input to the classifier. Instead, here the response data rearranged by FDT is input to PCA; consequently, the fingerprint structure is still captured. Consequently, the performance that we realize for PCA+KNN is much higher than would be realized in a conventional approach using only PCA and KNN.
The 97-100% performance that we realize with FICA for ternary mixtures is higher than previously reported for a conventional approach that employed a fusion architecture of a neural network and a state vector machine [6] . Our ability to realize better performance with a significantly simpler and faster classifier is evidence of the advantages realized by ICA for the sensor array problem. Moreover, the issue of "additional data" is reexamined from a viewpoint that includes the classifier. For good performance in a conventional approach that employs neural networks, significant training data is required-much more than the response to a few additional mixtures required by FICA. Consequently, FICA actually requires less data than traditional methods.
Practicality and Scalability of FICA
The results of the previous section show that FICA achieves better classification performance with a simpler, faster classifier than conventional approaches. It was also mentioned that FICA requires less data than the more complex traditional classifiers like neural networks. However, FICA requires array response data to several gas mixtures; two approaches for obtaining this data were Suppose the multiple mixtures were acquired consecutively in the same environment. The concern is that the mixtures would be very similar-how might this impact performance? Table 2 illustrates that FICA maintains its performance when the four mixtures are very similar. Consequently, there are tractable ways to satisfy the FICA requirement for multiple gas mixtures.
Another important advantage unique to FICA is that the performance of the classification system does not degrade as the number of analytes in the mixture increases (i.e. FICA is scalable). We tested our FICA system for a mixture of 4 analytes on a sensor array with 5 sensor types and 10 copies of each type. FICA averaged 96.4% analyte classification performance while PCA averaged only 88.3%. This scalability can be attributed to the key FICA method difference of first extracting independent fingerprints and then identifying the individual analytes present.
CONCLUSION
The new FICA method for separating a gas mixture into its individual analytes achieves better performance with a simpler, faster classifier-as well as less data-than conventional approaches. Moreover, FICA maintains its performance as the number of analytes in the mixture increases. Similar to conventional methods, FICA requires a good estimate for the number of unknown analytes, R; the impact of this estimate on FICA's performance remains to be investigated. Finally, FICA and its use of analyte fingerprints inform sensor array design: the sensor types and how the analytes respond to them are important considerations. This allows-for the first time-an opportunity to optimize the design of a sensor array from a comprehensive system level.
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